The evaluation of the impact of an increase in gasoline tax on demand relies crucially on the estimate of the price elasticity. This paper presents an extended application of the Partially Linear Additive Model (PLAM) to the analysis of gasoline demand using a panel of US households, focusing mainly on the estimation of the price elasticity. Unlike previous semi-parametric studies that use household-level data, we work with vehicle-level data within households that can potentially add richer details to the price variable. Both households and vehicles data are obtained from the Residential Transportation Energy Consumption Survey (RTECS) of 1991 and 1994, conducted by the US Energy Information Administration (EIA). As expected, the derived vehicle-based gasoline price has significant dispersion across the country and across grades of gasoline. By using a PLAM specification for gasoline demand, we obtain a measure of gasoline price elasticity that circumvents the implausible price effects reported in earlier studies. In particular, our results show the price elasticity ranges between −0.2, at low prices, and −0.5, at high prices, suggesting that households might respond differently to price changes depending on the level of price. In addition, we estimate separately the model to households that buy only regular gasoline and those that buy also midgrade/premium gasoline. The results show that the price elasticities for these groups are increasing in price and that regular households are more price sensitive compared to non-regular.
Introduction
A recent report by the US Department of Energy (2004) estimates that fuel consumption in 2003 contributed to 32% of US and 7.5% of world emissions of carbon dioxide.
Thus, policies aimed at decreasing gasoline demand are likely to have a noticeable impact in addressing the environmental consequences of emissions of carbon dioxide and local air pollutants. Two recent studies by the US Congressional Budget Office (2002, 2003) examine different policy instruments; namely, increasing the standards for the average fuel economy of vehicles, gasoline taxes, and programs of cap-and-trade 1 . Comparing the costs and benefits of the three instruments, the studies conclude that increasing gasoline taxes might be the most effective way to influence demand. A higher gasoline tax would affect fuel demand in the short term and also encourage households to replace the stock of vehicles with more efficient ones in the longer run. In addition, it would spread the cost of the tax increase between producers and consumers (of gasoline) and encourage different gas-reduction activities. Price elasticity plays an important role in evaluating the impact of gasoline tax. Consequently, there has been a considerable amount of research interest in the estimation of gasoline demand models that focus mainly on the estimation of price elasticity. Dahl and Sterner (1991) and Graham and Glaister (2002) provide extensive surveys of the literature on the estimation of gasoline price elasticity. Empirical evidence from both cross-sectional and time series studies generally suggest that the price elasticity demand for gasoline is estimated in the range between -0.5 and -1.1. However, studies considering more recent data typically find lower estimates. Based on household data from the late 1980s and 1990s, Puller and Greening (1999) and Nicol (2003) estimated the price elasticity of gasoline demand in the range between -0.2 to -0.4. A study by the US Department of Energy (1996) provides a price elasticity value of -0.38, and this value is adopted by the Congressional Budget Office (2002, 2003) in evaluating the impact of an increase in gasoline tax. Small and van Dender (2007) estimate a structural model on a panel of U.S. states (for the period 1966 to 2001) and estimate a (long-run) price elasticity of gasoline demand between -0.33 and -0.42 2 . In a recent paper that assesses the optimal level of taxation in US, Parry and Small (2005) uses a price elasticity of -0.55 as a compromise between recent low and past high estimates.
1 In this case the government fixes a limit to the emission of carbon dioxide and producers or importers of gasoline are allowed to trade allowances for the emissions deriving from the consumption of their gasoline sales.
2 The elasticity in their model is a function of income and fuel price (among others). If these variables are set at their average values they obtain an elasticity of -0.42 while it is lower when income and fuel price are set at the 1997-2001 average value.
By carefully addressing some data issues, we provide new empirical results on the analysis of US gasoline demand, focusing mainly on the price elasticity. We analyze household data (including the vehicle-level information) from the Residential Transportation Energy Consumption Surveys (RTECS) of 1991 and 1994. RTECS has been administered by the Energy Information Administration (EIA) from 1979 until 1994, when it was terminated for budgetary reasons. Using the 1988 and 1991 RTECS data, Schmalensee and Stoker (1999) find some relevant nonlinearities when modeling the gasoline demand by using partially linear models. They allowed the income and age variables to have a general nonparametric shape while the other control variables being linear (demographic and location variables). Within the partially linear framework, Schmalensee and Stoker (1999) also consider gasoline price to have a nonparametric effect on demand. However, they obtain a price function that is upward sloping for a range of fuel prices in the middle of the distribution and is negatively sloped in the rest of the interval of variation. Using similar semiparametric techniques, Hausman and Newey (1995) also found a similar effect for the pooled RTECS from 1979 until 1981. Puzzled by this "implausible" price effect and further scrutinizing the price data in RTECS, Schmalensee and Stoker (1999) argue that the price variable provided in RTECS is unreliable. As a proxy for the price variable (per household), RTECS assigns each household an average fuel cost per gallon purchased, where the total expenditure is determined using average regional gasoline prices. This procedure assumes that all the households living in a broadly defined area such as a region (e.g., the Mid-West) face the same gasoline price.
While the immediate goal of our paper is to address the empirical problem raised by Schmalensee and Stoker (1999) , the paper has a much wider scope. The main contributions of the paper are outlined as follows. First, we tackle the problem of estimating price elasticity from RTECS household data. In a follow up study to Schmalensee and Stoker (1999) , Yatchew and No (2001) use Canadian household data from the National Private Vehicle Use Survey, conducted by Statistics Canada between October 1994 and September 1996. Using the "complete" price data and applying a similar semiparametric specification as in Schmalensee and Stoker (1999) , Yatchew and No (2001) obtain plausible nonparametric price elasticity. In this paper, we exploit instead the detailed information on the "vehicles" owned by households as reported in the RTECS. Such details include the type of vehicle(s), type and grade (regular, midgrade, or premium) of gasoline purchased, and the price of the last fuel purchase. By carefully studying these detailed information, we are able to assign to households an average (over the vehicles) gasoline price that maintains the geographical variability in gasoline prices (compared to the RTECS procedure that destroys this variability). Unlike the price variable in RTECS (used in Schmalensee and Stoker, 1999) , the derived vehicle-based gasoline price has significant dispersion across regions and across grades of gasoline.
Second, we use the partially linear additive model (hereinafter PLAM) as a reduced form model for the gasoline demand. PLAM is a semiparametric specification in the sense that it involves both a nonparametric and a parametric (linear) part. Compared to the partially linear model proposed by Robinson (1988) and applied to gasoline demand by Schmalensee and Stoker (1999) , the model assumes additivity of the nonparametric component. Introducing this assumption delivers more efficient estimates of the parametric effects and easier interpretation of the relationship among the variables that enter nonparametrically. In addition, The PLAM set-up also allows interactions among the variables of the nonparametric part by incorporating them within the linear part. We estimate the model following the kernel-based approach proposed by Manzan and Zerom (2005) .
The resulting estimator of the linear parameters are root-n consistent and asymptotically normal distributed. A convenient feature of this estimator is that it is semiparametric efficient in the sense of Chamberlain (1992) (when the error is homoscedastic). This is an attractive feature compared to other kernel-based estimators (e.g., Fan et al., 1998; Fan and Li, 2003; and Moral and Rodriguez-Poo 2004) . In our gasoline demand analysis, the linear part includes up to 20 demographic and location variables (these are mainly dummy and discrete variables) while the nonparametric part contains log price, log age and log income. The nonparametric treatment of the price effect is able to show that our vehicle-based gasoline price solves the implausible price effect that arises when the price provided in RTECS is used.
Focusing on the price effect, the main empirical findings of the paper can be summarized as follows. The partial nonparametric price effect is appropriately downward sloping, and the corresponding elasticity (the derivative of the price effect curve) ranges between −0.2, at low prices, and −0.5, at high price values. This result suggests that households might respond differently to price changes depending on the level of the fuel price. The availability of the vehicle information allows us to further investigate this issue by considering separately the households that consume only "regular" gasoline and those that purchase "non-regular" grades of gasoline 3 . The estimation results for the two groups show that regular users are more sensitive to price changes (estimated elasticity of −0.54) compared to non-regular users (that have an elasticity of −0.33). The price elasticity of regular gasoline has a tendency to increase from −0.3 toward −0.7 at high prices. Instead, the demand for "non-regular" fuel is quite inelastic at low prices and becomes increasingly reactive at high prices. This is an interesting result since it provides evidence on the different characteristics and behavior of households buying regular and non-regular gasoline.
Separate analysis of the two groups also shows some relevant differences in the effects of income, age and number of drivers in the household.
The remainder of the paper is organized as follows. In Section (2), we describe the semiparametric method for the estimation of the PLAM. In Section (3), we apply the PLAM to investigate the US gasoline demand based on household-level vehicles data from the RTECS. Several empirical results are also discussed. Finally, Section (4) concludes the paper.
Description of the methodology
Semi-parametric methods have become increasingly popular in empirical work. The widespread acceptance of these methods derives from their flexible specification, which allows for some variables to be linearly related to the dependent variable without imposing stringent restrictions on other variables whose relationship may be difficult to parameterize. These models allow for a more general specification compared to the linear regression model, while retaining ease of interpretability. Various demand studies have successfully employed semi-parametric methods to tackle the problem of finding appropriate ways of modeling the effects of expenditure on consumer demand (e.g., ). There has also been growing interest in the application of semi-parametric methods to analyze the demand for gasoline in U.S. and
Canada based on household survey data (e.g., Hausman and Newey (1995), Schmalensee and Stoker (1999) , Coppejans (2003) and Yatchew and No (2001) ).
In this paper, we consider the partially linear additive model (hereinafter PLAM) which has the following form
where Y i is a scalar dependent variable, β 0 is a scalar parameter, X i is a p × 1 vector of explanatory variables, β = (β 1 , . . . , β p ) ′ is a p × 1 vector of unknown parameters, Manzan and Zerom (2005) . This estimator has two advantages compared to these alternative estimators. First, it achieves the semiparametric efficiency bound (Chamberlain, 1992) of the partially linear additive model under the assumption of homoscedastic errors. In addition, it is computationally more efficient because it requires O(n 2 ) operations, while marginal integration estimators involve an increase of computations by the order of the sample size n. In the rest of the Section we briefly describe the estimation method and refer to Manzan and Zerom (2005) for a more detailed discussion.
Assume the additive components in (1) satisfy the identification assumption E[m j (Z ji )] = 0 for all j = 1, . . . , q. Denote by Z ji the j-th element of Z i and W ji the set of all Z i variables
where p z (·) and p w (·) represent the density functions of Z ji and W ji , respectively, and p(·)
is the joint probability function of Z = (Z j , W j ). The function φ(z j , w j ) has the following
for k = j. Then, multiplying each side of Equation (1) by the above instrument and taking conditional expectations on Z ji = z j , we obtain
where
, respectively. Adding the above q-equations in (2) and subtracting the result from (1) gives
This Equation shows that the role of the function φ(z j , w j ) is to reduce the PLAM in Equation (1) to a linear-like model. Then, an estimator of β can simply be derived by OLS regression of the deviation
The estimation of β depends on Y * i and X * i that are unknown quantities. Manzan and Zerom (2005) propose replacing these quantities by their kernel estimators.
A ℓ (i = 1, . . . , n; j = 1, . . . , q),
where K(·) is a kernel function, b is a bandwidth (or smoothing parameter), andp w (·) and p(·) are kernel-smoothers of the corresponding densities. Note that theÂ * i,j is a leave-out estimator in the sense that the i-th observation (A i , Z i ) is not used in the estimation. The estimator of β is obtained by OLS regression of Y i −Ŷ * i on X i −X * i . Under some regularity conditions, Manzan and Zerom (2005) show thatβ is n 1/2 -consistent and asymptotically normally distributed.
The implementation of the kernel smoothersŶ * i andX * i requires choices to be made on both the bandwidth b and the type of kernel function K(·). We use bandwidths b that decrease to 0 at the rate n −2/7 and a standard Gaussian kernel function. The above rate for b and the choice of the Gaussian kernel are consistent with Assumption A2 for q < 4 (see Manzan and Zerom, 2005) . In the application to be discussed in section (3), q < 4 and hence the above choices are optimal. In addition, we allow b to adapt to the variability of the variable Z ji . Hence, the bandwidth is given by b j = a σ j n −2/7 , where 4 In empirical work, one may also be interested in estimating the intercept β 0 . It is easy to see that when Now, we discuss how one can estimate the additive non-parametric components of the PLAM. Based on (2) and using the estimatorβ, we can computem j (·) aŝ
) and this rate is surely faster than the possible rates of convergence of the kernel smoothersŶ * i,j andX * i,j , the asymptotic distribution of the additive componentsm j (·) will remain unaffected by the estimation of β. In this way, the estimation of β and that of the additive nonparametric components can be done in a single step without a need for extra computations to recover the additive components.
However, the estimation of the nonparametric components as in (5) does not lead to efficient estimates. Using the terminology in Linton (1996) and Kim et al. (1999) , the additive estimates are oracle inefficient. They are inefficient in the sense that if
were known, m j (z j ) could be estimated with a smaller variance. Because the empirical results of this paper are highly dependent on the precise estimation of the nonparametric components, ensuring their efficiency is vital. For example, the price effect (the main focus of the paper) will be modeled as being nonparametric in section (3). Following the approach of Kim et al. (1999) , we implement a one-step backfitting procedure in order to attain efficiency. First, useβ to computeŶ The CV procedure selects a to minimize the following quantity,
are leave-out estimators in Equation (4) where the the i-th observation is not used in the estimation. The motivation for the above minimization step comes from the formulation in (3). Finally, we outline a procedure for calculating point-wise confidence intervals of the nonparametric estimatesm e j (·). Because the asymptotic variance ofm e j (·) is a very complicated function of unknown quantities (see Kim et al., 1999) , we use the alternative route of bootstrap methods. Givenβ andm e j (·), the residuals of the PLAM in Equation (1) are given by
We resample the residuals according to the wild bootstrap method of Liu (1988) . This consists of drawing from the centered residuals,ũ i =û i − 1 n i u i , according to the following schemeũ
γũ i with probability 1 − p
, and s indicates the number of bootstrap replications (s = 1, · · · , S). A bootstrap replicate is then obtained as follows 
Empirical Results
In this section we investigate the US demand for gasoline using household-level data from the RTECS of 1991 and 1994. A study by Schmalensee and Stoker (1999) applies a partially linear model for the pooled 1988 and 1991 samples and is able to uncover some interesting empirical regularities. We complement their analysis in at least two important aspects. First, we use the PLAM set-up as a reduced form model for gasoline demand. To the extent that PLAM is a plausible specification for modeling gasoline demand, our theoretical result suggests that ignoring additivity will lead to a less efficient estimator of the linear parameters. Furthermore, additivity facilitates easy interpretation of non-parametric estimates. Second, Schmalensee and Stoker (1999) concluded, using their semiparametric approach, that the price data given in RTECS could not be used to estimate the price effect (or price elasticity). We address this data problem by deriving an alternative price variable. Table ( 1) provides a summary of the descriptive statistics of the variables of interest.
In the Appendix, we provide details of how the data were constructed. The 1991 and the 1994 survey data comprise a total of 3045 and 3002 households, respectively. In our analysis, we remove those households that have zero miles driven, gallons consumed, number of drivers and vehicles owned. The resulting dataset has 2697 observations in 1991 and 2563 in 1994. The means and standard deviations of the continuous variables do not vary significantly between the two surveys. However, the discrete variables show some differences between the surveys. The fraction of households living in urban areas increases from 28.4% to 42.4% while those of both suburban and rural areas become lower. This is due to the change of the area classification from 3 to 4 groups. For the 1994 survey we refer to urban as the "city" area and to suburban as the sum of "town" and "suburbs". In the 1991 survey we used "inside central city" for the urban area 
Empirical Specification
We consider a basic reduced form model for household gasoline demand which is given as follows, log gals i = m(log price i , log age i , log income i , X i ) + u i
where gals i is gasoline consumption of household i measured in gallons, price i is the average cost per gallon, age i is the age of the household i head, income i is the annual income of a household and X i is a vector of household characteristics: number of drivers in the household (log drivers), household size (log hldsize), and dummy variables for residence (urban, suburban and rural) and for the lifecycle categories. The error u i satisfies E[u i | log price i , log age i , log income i , X i ]=0. In the above model, there are more than 20 predictors in which price, income and age are continuous and the remainder are discrete.
Because of such a large number of predictors, we decide to use a semiparametric specification for m(·) where the three continuous variables are modeled nonparametrically and the discrete variables are entered linearly. This will greatly reduce the dimensionality of the problem while allowing flexible modeling of the price-income-age structure of demand.
To this end, we consider three semiparametric models.
The first model is partially linear model,
where m P,A,I (·) is an unknown smooth function. The second model is a refinement of (8) where the nonparametric function m P,A,I (·) is additive while allowing linear bivariate interactions among log price, log age and log income, i.e.,
where m P (·), m A (·) and m I (·) are unknown univariate smooth functions, and I i is a vector containing (log price × log age), (log price × log income), and (log age × log income). This model circumvents the curse of dimensionality problem in model (8). To see if the PLAM specification in (9) is supported by the data, we conduct a test of the null model (9) against (8). Using the specification test of Aït Sahalia et al. (2001) , we can not reject model (9) at the 5% level.
Based on model (9), we also conducted both individual and joint-tests of the interaction coefficient δ. Both tests strongly indicate that none of the interactions are significant at the 10% level. Thus, we further reduce model (9) where interactions are eliminated from the specification,
Unlike in model (9), the three nonparametric estimates in (10) represent partial effects of log price i , log age i and log income i , respectively. Thus, we can interpret these estimates as nonparametric elasticities.
Based on model (10), we also consider the possible bias in the estimate of price elasticity due to the possible endogeneity of price. Yatchew and No (2001) suggest that fuel price and gasoline consumption might be negatively correlated. Households that drive more are likely to come across a wider range of prices and have lower average cost per gallon.
In this case the nonparametric estimator is not consistent (i.e. overestimates the true responsiveness of demand to price) due to the correlation between the error term in Equation (10) and the log price variable.
We follow the approach of to account for the possible endogeneity of the price variable. Assume there is a set of instrumental variables S i such that
with E(v i |S i ) = 0. We can then include the residuals v i in Equation (10), that is,
where we assume that E(u i | log price i , log age, log income, X i , v i ) = 0. Under these assumption, the resulting estimator of m P (·) is consistent. The null hypothesis of exogeneity of the price variable can be tested using the least squares estimator of ρ. Equation (12) is estimated by including in the PLAM specification the fitted residualsv i from the firststage regression in Equation (11). Doing so will also not affect the asymptotic distribution ofβ; see for example Newey et al. (1999) .
To capture the above form of endogeneity, we may use the average intra-city price (i.e.
an average over a neighborhood where the household resides) as the instrument for the household level price. But, these data is not available. Constrained by this data problem, we consider regional dummy variables instead. Using regional dummy variables as instruments, we can not reject the null hypothesis that price is exogenous; see Table (4) .
However, as one referee correctly points out regional dummy variables might not be valid instruments because they may correlate with gasoline consumption due to differences in land use patterns, in the density of development and in state size. So, our test may not fully address the endogeneity problem. On the other hand, looking at our nonparametric density weighted price elasticity estimates (see the following sections), they do not appear to be much larger than the values found in the literature. Note that the effect of endogeneity is to overestimate the elasticities. In view of this we think that the possible endogeneity in prices may not have caused serious bias in our estimates.
Results and Discussion
We begin by discussing the method RTECS uses to calculate the price variable and the undesirable consequence of this procedure on price-elasticity estimates when PLAM is implemented. This problem emerged from the analysis of the RTECS data in Schmalensee and Stoker (1999) . To tackle this problem, we use the vehicle information in the RTECS to assign a more appropriate price measure to each household. We also obtain some interesting empirical results by estimating separate PLAMs for different categories (categorized by gasoline type use) of households.
Implausible price effect
The use of semi-parametric methods in Hausman and Newey (1995) and Schmalensee and Stoker (1999) suggested a puzzling property of the price effect on gasoline consumption.
The non-parametric estimated price function (that relates price with gasoline demand) is upward sloping for a range of fuel prices in the middle of the distribution and is negatively sloped in the rest of the interval of variation. Schmalensee and Stoker (1999) investigated this implausible effect and attributed this finding to the price measure constructed by RTECS. They computed the price effect from the nonparametric estimate of the function m P,I (., .) by slicing the curve along the income dimension. The m P,I (·, ·) was estimated in the framework of the partial linear model using the approach of Robinson (1988) .
RTECS does not collect fuel purchase diaries 6 . Instead, the total fuel expenditure is calculated based on the miles traveled (reported by the household for each vehicle owned) and a price is assigned based on the region of residence and grade of gasoline purchased.
The price data are provided by the Bureau of Labor Statistics (BLS) at an aggregate level for each of 4 census regions (North-East, Mid-West, South, and West 7 ) and for different grades (regular, midgrade, and premium). The problem with this procedure is that all households in a broad area as a Census region are assumed to face the same 6 The EIA stopped collecting purchase diaries starting from the 1988 RTECS while earlier surveys contained also this information. Hausman and Newey (1995) considered the 1979, 1980 and 1981 surveys and they found the upward sloping demand although the price measure is based on diary of fuel purchases. Schmalensee and Stoker (1999) considered the 1988 and 1991 surveys where in both years the price measure was constructed by RTECS.
7 The Census regions can be further partitioned in Census Divisions:
• North-East: New England and Middle Atlantic
• Mid-West: East-North Central and West-North Central
• South: South Atlantic, East-South Atlantic, and West-South Atlantic
• West: Mountain and Pacific.
gasoline price. However, this assumption is not realistic due to differences in state gasoline tax and intra-regional differences in prices. Schmalensee and Stoker (1999) considered the RTECS average cost per gallon as a measure of price (defined as total household expenditure divided by total gallons purchased). Figure (1) shows the scatter plot of the log average cost versus fuel consumed, and the smoothed distribution of the log fuel price.
We consider all the households surveyed in 1991 and 1994 (a total of 5260 households).
Further, we also report plots for the groups of households consuming only one grade (regular, midgrade, or premium) of gasoline for all the vehicles owned 8 .
Figure (1) here
Consistent with the observation of Schmalensee and Stoker (1999) , the scatter plots show that the gasoline price clusters around few values corresponding to the regional prices assigned by RTECS. The procedure creates an artificial discreteness in the price variable because it destroys the intra-regional variation in prices. This effect largely explains the bi-modal shape of the (smoothed) price densities for both the aggregate households and when they are segmented by grade of fuel purchased.
We estimate the PLAM specification in Equation (12) using the average cost (the price variable) calculated by RTECS. Figure ( 2) showsm P (log price) with bootstrap confidence intervals. It is clear from the non-parametric price curve that the same problem pointed out by Hausman and Newey (1995) and Schmalensee and Stoker (1999) also arises in the pooled sample of 1991 and 1994 9 . The demand for gasoline is upward sloping in the price range between $1.1 and $1.2. This price region is associated with a transition from households consuming mostly "regular" gasoline toward mostly "non-regular" (those households purchasing only midgrade or premium, or different fuel grades for the vehicles in the household). The discreteness of the price measure implies that for fuel prices between $1.1 and $1.2 there is an abrupt increase of the fraction of households purchasing non-regular fuel. These households are characterized by consuming (on average) more gasoline compared to regular ones. The upward sloping price curve can thus be interpreted as the result of the sudden concentration (artificially created by the price discreteness) of high consuming non-regular households that have a determinant role (at least locally) in determining the shape of the nonparametric estimator.
Figure (2) here
8 The sample includes also 1398 households that have more than one vehicle and purchase different gasoline grades.
9 The 1994 data has not been investigated by Schmalensee and Stoker (1999) .
The vehicle based price measure
As the above result suggests, the lack of diaries of fuel purchases complicates the analysis of the relation between fuel price and quantity consumed. However, as we mentioned previously, RTECS also collects information on the last fuel purchase of households. Such information includes fuel price, fuel type, and grade for each vehicle in the household.
These details are useful sources of information about the gasoline price faced by households that is neglected in the procedure described above 10 .
A possible drawback of the vehicle information data is the presence of missing values.
Some households did not provide information for any of their vehicles while others reported information for some or all the cars owned. we have a total of 5260 households. For 3020 of these households we have (partial or full) vehicles information. The Table reports car. Their fraction decreases from 28% to 21% in the subsample. This effect is due to our choice of considering valid the households that have price information for at least one vehicle. It implies that our sub-sample slightly over-represents the households having more than one car and under-represents those that have only one vehicle. Overall, the descriptive statistics indicate that the selection of the sub-sample of households in the rest of our analysis should not significantly bias our results.
Table (2) here Table ( 3) shows the average real prices 12 of the different gasoline grades for each of the 9 10 RTECS collects this information during a phone interview with the household between January and March of the year following the survey. A concern with using the last fuel price is that it might not be representative of the average price faced by households during the survey year. For 1994 the EIA Petroleum Marketing Annual reports an average price (for all grades) of around 73.6, while it ranged between 70.5 and 71.3 during January and March 1995 (when the interview takes place). The difference is not very large. Hence, we believe the last fuel price represents a good proxy for the average price paid by households during the survey year.
11 We decided to consider as missing the households that did not report information for any of the vehicles owned. Instead, we consider as valid those units that reported information for at least one vehicle.
12 We deflated prices in 1994 to 1991 levels using the CPI Index.
Census divisions based on the vehicle-based price data from 1991 and 1994. In this case the unit of analysis is the vehicle: we pooled all the vehicles in the surveys and segmented them by division and by gasoline grade. We also report the standard deviation of the price and the number of vehicles in the category. The first aspect that emerge is the significant inter-divisional (and of course inter-regional) variation in fuel prices. In 1991, a group of divisions had an average price for regular gasoline around $1 and the other group (New England, Mid-Atlantic, and Pacific) above $1.1. The difference is probably due to higher gasoline taxes in some states. Another fact that emerge from the Table is the significant intra-divisional variation. The standard deviations vary between 0.077$ (regular in New England) and 0.177$ (premium in the Pacific division). It is thus clear that the vehicle information delivers a price measure that accounts for the intra-regional dispersion in prices that is neglected when assigning a common regional price to all households as in the RTECS methodology.
Table (3) here
We assign an average cost to each household which was defined as total expenditure (calculated using the last fuel price) divided by the total gallons consumed. For the households that reported prices for only part of their cars, we impute a value given by the average of the prices reported for vehicles in the same division and using the same grade.
In this way, we use the last fuel price to assign the missing observations an average price that is more detailed compared to the RTECS procedure (at the division level instead of regional). The average cost, price i , for household i is given by
where price i,k denotes the last fuel price reported by household i for vehicle k, gals i,k the gallons consumed by the same vehicle and K is the total number of cars owned by household i. In addition, the range of price variation is much wider compared to the RTECS measure. This is due to the effect of accounting for the intra-divisional dispersion of prices 13 . The bi-modality that was apparent for the RTECS price measure has now
13 Figure ( 3) shows that there are some extreme prices in the right tail of the price distribution. We checked the price data for these households; they are mainly consuming midgrade and premium gasoline and living in the Pacific division. They reported a price for the last fuel purchase between 1.70$ and 2$. disappeared. In this sense, the vehicle based price measure is a realistic indicator of the fuel cost faced by households and should not be affected by the problems discussed in the previous Section.
Figure (3) here

Corrected price effect
We now consider the model in Equation (12) 14 where the price variable is represented by the average cost based on the vehicle information. For comparison purposes, we also report the estimation results of Equation (10) for the 1991, 1994 and the pooled households data (where we exclude the price effect as in Schmalensee and Stoker (1999) ). For the latter case, we adopt the specification with log age and log income treated additively (but not price) and, as a proxy for the price effect, we also include regional dummy variables in the linear part of the PLAM specification. Figure (4) shows the estimated components (with bootstrap-based confidence intervals) for log price, log age and log income along with the estimated price elasticity 15 . Table ( 
Table (4) here
These results confirm that the use of the vehicle-based data does not substantially alter the conclusion from the household-level data while permitting the estimation of the price elasticity. We summarize the results of the PLAM estimation for vehicle-based data 14 We selected the bandwidth based on the CV search described in Section (2) for different values of the constant a in b j = a σ j n −2/7 (for j=1,2, and 3). The optimal values used in the application are 0.11 for log price, 0.34 for log age and 0.73 for log income. In estimation we trim the 5% of observations in the low density region of the explanatory variables.
15 The elasticity curve is derived from the one-step back-fitting procedure (that implements a local linear smoothing) discussed in Section (2) of the paper. The standard error for the estimated price elasticity is obtained by bootstrap.
as follows. The first interesting result of the analysis is that the estimated log price component is negatively sloped in the complete range of variation of the variable. Panel (c) of Figure (4) shows the nonparametric estimate of the price elasticity. For low prices it is close to -0.2 and increases toward -0.5 for high prices suggesting that gasoline demand becomes more responsive to price changes when the fuel price is high. The densityweighted average derivative is equal to -0.35. A possible interpretation of this finding is the heterogeneity in the grade purchasing decision of households. At low prices, most households consume regular gasoline while high prices are typical of those households that purchase midgrade or premium gasoline. In the next section we segment the sample in groups based on the gasoline grade purchased. We distinguish between households that bought regular gasoline for all their vehicles (the "regular" households) and those that bought (for at least one of their vehicles) midgrade and/or premium (the "non-regular" households).
The estimated log age component shows a similar pattern to that previously found by Schmalensee and Stoker (1999) . It is flat for households aged below 50 and slopes down significantly for higher ages. The log income variable has a density-weighted average derivative of 0.16 and the component does not appear to deviate significantly from linearity.
Figure (4) here
Table (4) also reports the estimated coefficients for the variables that enter the PLAM specification in a linear fashion. The log drivers variable is highly significant with an estimated elasticity of 0.69. Households living in urban area consume (on average) less compared to those living in suburbs, while the opposite is true for those residing in rural areas. The lifecycle variable reveals that households with the oldest child aged between 7 and 15 and singles aged below 35 consume (on average) significantly more. However, households composed of 1 or more adults aged above 60 tend to consume significantly less. Accounting for endogeneity of the price variable shows that the null hypothesis of ρ = 0 cannot be rejected at standard significance levels.
Heterogeneity of households
As we discussed above, the estimated price component reveals an interesting feature of a larger elasticity (in absolute value) for higher prices compared to low prices. To investigate further this issue we segment the 3020 households in two groups 16 : those consuming (for all their vehicles) regular gasoline (1682 households) and those that consume non-regular (1338 households). The second group includes households that purchase only midgrade or premium gasoline and those that buy different grades (regular/midgrade/premium) for their vehicles.
We estimate the PLAM specification in Equation (12) separately for "regular" and "nonregular" households. average price derivative for regular users is equal to -0.54 and for non-regular to -0.33.
Although the price elasticities have large standard errors, households that buy exclusively regular gasoline seem to be more sensitive to price changes compared to households that purchase non-regular grades. This result seems to be at odd with our earlier finding (based on all households) that the estimated price elasticity increases at higher prices. An intuitive interpretation of the aggregate result is that we should expect low elasticity for regular households (since regular gasoline buyers are likely to concentrate at the lower end of the price distribution) and high elasticity for non-regular households (that characterize the upper end of the price range of variation). However, our results from the separate regression for regular and non-regular suggest the opposite interpretation. The key to understand this is the fact that non-regular households consume (on average) more gallons of gasoline compared to the other group. They are thus characterized for being less price It is interesting to notice that the two (smoothed) densities overlap in a range of gasoline prices between $0.90 and $1.22. This is due to two reasons. The first is because of geographical dispersion in prices. From Table ( 3), we can notice that there are division (e.g., W/N Central) where premium gasoline is cheaper than regular in other divisions (e.g., New England and Pacific). The second reason for this wide overlap of the two price distributions has to do with the way we constructed the regular and non-regular groups. While the former is composed of households only buying regular gasoline for all of their vehicles, the latter is characterized by those households that buy, for at least one of their vehicles, non-regular gasoline.
of the non-regular households. Panel (b) shows the estimated elasticities for the regular and non-regular group together with the aggregate one discussed in the previous Section.
The price elasticity of regular households is close to -0.20 at low prices and increases toward -0.70 at high prices. However, the gasoline demand of non-regular households is quite inelastic at low prices and increases to -0.50 for high prices. For gas prices above $1.05, the aggregate price elasticity has a magnitude similar to the non-regular estimated elasticity suggesting that the respective components are parallel (in that price range).
Table (5) Figure (5) The regressions results for regular and non-regular households also reveal some other interesting differences between the groups. The role of the log age is remarkably different for regular and non-regular users. For regular households it has a negative elasticity (equal to -0.34). However, for non-regular users there hardly exist an age effect. Panel (d) of
Figure (5) gives a graphical intuition for this result. The additive log age component for regular users has a very similar pattern to the pooled case. It starts flat and then rapidly slopes downwards when the householder age increases. However, for non-regular users the estimated component is approximately flat in the range of variation of the log age variable. This result suggests that the demand for non-regular gasoline is not influenced by age.
The groups are also heterogeneous in their elasticities to income and the number of drivers in the household. Non-regular households have a significantly larger income elasticity compared to regular (0.20 and 0.13, respectively) while the opposite effect holds for the drivers effect (0.54 and 0.78, respectively). Households that consume non-regular gasoline are more responsive to changes in income compared to regular gasoline, and less sensitive to changes in the number of drivers.
Conclusion
In this paper we apply the Partially Linear Additive Model (PLAM) to model gasoline demand in the United States. The flexibility of the semiparametric specification derives from the possibility of including variables both in a parametric and nonparametric fashion.
In addition, for each variable treated non-parametrically we estimate a component that allows an easy graphical interpretation of the relationship with the dependent variable. We estimate the model following the approach of Manzan and Zerom (2005) . Compared to alternative estimators, the adopted estimator is semi-parametrically efficient, has better finite sample properties and it is computationally more convenient.
On the empirical side, we reexamine the issue of the price elasticity of gasoline demand in the United States discussed by Schmalensee and Stoker (1999) . Using the RTECS data, we construct an average fuel cost for each household based on "vehicles" information contained in the survey. This allows us to overcome the difficulties encountered by Schmalensee and Stoker (1999) , who use the average cost provided by RTECS. In particular, we show that there is significant dispersion in gasoline prices across the US and across grades of fuel. By estimating the PLAM specification with log price, log income and log age treated non-parametrically (but additively), we find a density weighted price elasticity of around −0.35. The non-parametric estimate of the price elasticity also shows the tendency to increase (in absolute value) at higher prices. This suggests that households might respond differently to price changes depending on the level of price.
We further investigate the above empirical result by splitting the households in the sample in two groups depending on the grade of gasoline purchased. The estimation results for the two groups show that regular users are more sensitive to price changes (estimated elasticity of −0.54) compared to non-regular users (that have an elasticity of −0.33). The price elasticities for regular and "non-regular" households have a similar pattern: they are quite inelastic at low prices and become increasingly responsive for high prices. Separate analysis of the two groups also shows significant differences in the effects of income, age and number of driver.
Finally, it is worth noting that while our estimated density-weighted average price elasticity of -0.35 is well within the range found in the literature, the dependence of the price elasticity on the level of price (and fuel grade) is a new empirical finding. In light of this result, further empirical investigation with more recent data is warranted 18 .
Appendix: Data Description
The data consists of the 1991 and 1994 RTECS that are publicly available at http://www.eia.doe.gov/emeu/rtecs/
The EIA stopped the RTECS in 1994 and hence prevented us from studying more recent periods. The survey reports files that include information on characteristics of the households and of the owned vehicles. The data used in the paper are extracted from the following survey files:
• househld: contains information about households characteristics, such as: total gallons purchased, income, number of drivers, members of the household, age of the householder, location variables (area, census division and region), lifecycle variable (composition and age of the household members), total miles driven, and fuel expenditure.
• veconexp: contains information about each (up to a maximum of 8) vehicle owned by the household. The vehicle characteristics reported are: total gallons consumed, total fuel cost, and average cost (per vehicle). The average cost is determined by the EIA procedure to assign average prices in the census region where the household lives and based on the type of gasoline purchased. This file is related to information that the EIA obtained by the household or assigned by the agency.
• vehchar5 (veh5 in 1994 survey): contains information about each vehicles last fuel purchase; the information concerns: price, type, and grade of the last fuel purchase and MPG (Miles per Gallon) estimate. Additional information contained in the file is the age of the usual driver, if the vehicle is used to commute to work, and the number of miles to commute. The information contained in this file is based on responses given by the household during a phone conversation as part of the survey.
• for the PLAM specification in Equation (12) Table 4 : For the 1991, 1994 and the pooled samples we estimated the PLAM model with log-AGE and log-INCOME as additive components and log-DRIVERS, log-SIZE, residence, lifecycle and regional dummy variables in the linear part. For the subsample of households that reported price information, we estimate the PLAM specification in Equation (12) with log-PRICE as additive component but excluding the regional dummy variables (that are used as instruments in the first-stage regression to account for endogeneity of the price variable). Standard errors for the density-weighted average derivative obtained by bootstrap. Significance at 1% is denoted by * * and at 5% by *
. N indicates the sample size. 
